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ABSTRACT 

The investigation of vehicle defects, which are generally led by the National Highway 

Transportation Safety Administration (NHTSA) in the United States, is critical to the continued 

trust of the general public in the safety of vehicles. NHTSA routinely receives millions of reports 

of potential defects, complaints, recalls, and manufacturer communications, which may provide 

evidence of a new vehicle defect. However, the large quantity and text-based communication make 

efficiently identifying defect trends difficult for analysts. To accelerate the investigation of defect 

reports, we introduce a Natural Language Processing (NLP) application that identifies key topics 

and similar defect reports to assist analysts and investigators. Further, our application is built to 

provide users with a web interface for interacting with the NLP models. The integration of NLP 

with current NHTSA datasets provides a method for quickly identifying defect trends in large text-

based datasets. To demonstrate the effectiveness of our method, we apply our approach to two 

publicly available NHTSA datasets, namely the Technical Service Bulletins and Recalls dataset. 
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1. INTRODUCTION 

Like in many other domains, the size and frequency of data has increased exponentially in recent 

years in transportation-related fields. This drastic increase in data availability has led to artificial 

intelligence and machine learning (AI/ML) techniques being frequently used for a wide range of 

transportation applications. This effect has led to the number of AI/ML papers to the 

Transportation Research Board Annual Meeting to skyrocket from 5 in 2015 to 162 in 2020 [1]. 

Most of the AI/ML work is concentrated on navigation applications, advanced driver assistance, 

and smart traffic systems [2, 3, 4, 5, 6, 5, 7]. A common technology used for these applications, 

deep learning, is often used to detect defects in the manufacture of vehicles and vehicle 

components [7, 8]. In these applications, researchers use convolutional neural networks, recurrent 

neural networks, and depth residual neural networks, to name a few, to extract features from 

images and map them to categories of defects. The investigation and resolution of defects in 

vehicles are critical to ensure public safety and confidence.  

Two key challenges arise when an analyst, from the National Highway Traffic Safety 

Administration (NHTSA) or a safety advocacy organization, like the Insurance Institute for 

Highway Safety (IIHS), wants to investigate and address vehicle defects. First, defect data is 

generally recorded in text with associated metadata, such as the make, model, and year of the 

vehicle. The text data makes performing AI/ML approaches difficult, because most classical ML 

algorithms do not work with text data directly [9]. Because of this, an analyst must read each defect 

record line by line to understand the defect and identify patterns among defects. For example, 

analysts in NHTSA’s Office of Defect Investigation (ODI) identify defect issues through manual 

evaluation of consumer complaints, equipment defects, and injury reports. The results of these 

manual preliminary investigations are summarized and stored in the Artemis database [10, 11]. 

Although historical investigations are stored in Artemis, there is currently no method for 

identifying the similarity of a current investigation to any past historical investigations. This is a 

key challenge for ODI analysts, who often examine defects that occur on components used in 

multiple makes and models. Second, the data size is exceedingly large. NHTSA publicly posts a 

variety of datasets relating to defects, including consumer complaints, recalls, and manufacturer 

communications. These datasets have millions of entries, which makes the analyst’s job of 

manually reading defect reports line by line to identify patterns essentially infeasible. Natural 

language processing (NLP) techniques, that will be introduced in this paper, help the analyst in 

dealing with this problem. NLP is a subfield of machine learning that aims to train computers to 

understand spoken words and text like humans and is further described in Section 2.  

In this paper, we propose an application, namely SmarTxT, that not only efficiently processes the 

large text datasets of defects using Natural Language Processing (NLP) but also provides a user-

friendly interface to assist analysts in the investigation and resolution of defects.  To enhance the 

analyst’s investigation, we implement two NLP approaches, namely topic modeling and document 

similarity. Topic modeling identifies latent topics for a given dataset, which provides an analyst 

with the major trends for a data selection. Document similarity provides analysts with similar 

defect records. To implement document similarity, we use BERT (Bidirectional Encoder 
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Representations from Transformers) to embed defect records and then use cosine similarity to 

identify similarity among defect records. To demonstrate the effectiveness of our NLP approaches, 

we apply these methods to the NHTSA Technical Service Bulletins (TSBS) dataset as a case study. 

These methods are unsupervised, so the model results are validated by a human expert. Finally, 

we built the application using Flask and Python to provide an accessible approach for analysts to 

interact with our modeling approaches.  

Our proposed application built on NLP provides major benefits to analysts in defect investigations: 

1. Our NLP approach provides a fast, accurate method for investigating millions of defect 

records. These approaches significantly reduce the number of hours analysts must 

spend on reading individual defect records. Further, the immediate aggregation of 

similar documents may lead to the identification of new patterns and trends that would 

have previously been missed. 

2. SmarTxT provides an easy and accessible interface for analysts to understand the 

results from our NLP models. SmarTxT is built so that NLP model understanding is 

not required for analysts, which greatly increases the number of analysts that can 

benefit from this tool. It is a tool designed for what Gartner Group has described as the 

“citizen data scientist”. 

 

The remainder of this paper is structured as follows. Section 2 provides a description of the data 

and our preprocessing approach to convert the data into a format appropriate for NLP. The NLP 

approaches, namely topic modeling and document similarity, are described in Section 3. Section 

4 provides an overview of the SmarTxT app. Section 5 details our validation approach for assessing 

model quality in determining similar documents. Finally, Section 6 concludes our study with 

conclusions and future work.    

2. LITERATURE REVIEW 

NLP is a subfield of machine learning that aims to understand the contents of documents, where a 

document in the NLP setting is any collection of text, which could include words, sentences, 

paragraphs, and/or papers [12, 13]. The key challenge in NLP is associating documents with a 

lower-level embedding that captures the semantic similarity and context between two documents. 

There have been multiple methods proposed for this problem, including Word2Vec [13], Doc2Vec 

[14], TF-IDF (term frequency-inverse document frequency) [15], topic modeling [16], and more 

recently transformer models [17]. In each of these methods, the objective is to take in a corpus of 

documents and assign a lower-dimension numerical embedding to capture the relationship between 

documents. Because documents are defined as a collection of documents, there are varying levels 

of abstraction that each of these models attempts to embed. For example, Word2Vec operates on 

individual words, Doc2Vec and TF-IDF operate on paragraphs, and transformers can be used for 

either use case depending on the model selected. Some of the widely used transformer models for 

NLP are BERT [18], ELMo [19], and GPT-3 [20]. These transformer models are trained on large 

corpora and distributed with the learned weights from this training procedure. For example, BERT 

was trained using the BooksCorpus (800M words) and English Wikipedia (2,500M words) [18]. 

A major benefit of these large pretrained transformer models is the relative ease of applying 
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transfer learning for new domains [21]. By freezing all weights except the top layer and then 

retraining the model on domain-specific corpuses the models can be quickly adapted for new 

domains. Examples of domain-specific retraining include BioBERT [22] and LegalBERT [23].  

Due to the large success of NLP over the recent years, these methods have been applied in a wide 

range of applications. Of particular interest for SmarTxT are applications that leverage topic 

modeling, document similarity, and transformer models. Topic modeling is an NLP technique for 

identifying latent topics from a set of documents and is described in further detail in Section 4.1. 

Topic modeling has been used in a wide variety of applications including engineering, 

bioinformatics, and automated vehicles [24, 25, 26, 27]. Document similarity is a natural extension 

of embeddings, where we identify the most similar document to a selected reference document. A 

common use case for document similarity is to return contextually relevant information for search 

queries [28]. Additional applications of document similarity include providing semantic search 

capability for aviation maintenance records [29] and searching clinical notes in health centers [30].  

Topic modeling and document similarity can enhance the current data review and investigation of 

defects by NHTSA. First, the identification of latent topics in maintenance records provides an 

overview of trending defects. The identification of topics allows NHTSA ODI analysts to evaluate 

trending defects and then compare against previous defect investigations to identify long-term 

defect trends. Currently, this is not feasible due to the large amount of data and the dynamic SOPs 

[11]. Further, topic modeling allows for cross-make and cross-model analyses to be completed. By 

combining all documents from various makes and models, analysts can identify defect trends 

among parts shared between multiple automakers. Second, document similarity provides a 

semantic, contextual search for analysts to identify similar defects. Defect records are not written 

in a consistent format, which leads to further challenges in comparing cross-make and cross-model 

defect reports. With document similarity, NHTSA ODI analysts would have the ability to input 

full defect descriptions or key phrases to query semantically similar records within the Artemis 

database. Our solution, SmarTxT, proposes to leverage NLP techniques for vehicle defect 

investigation, which to the author’s knowledge has not previously been completed.  

3. DATASET DESCRIPTION 

3.1 Vehicle Defects 

To demonstrate the effectiveness of the proposed method, we use publicly available data from 

NHTSA, namely the Technical Service Bulletins (TSBS) and Recalls Datasets, which are available 

at this web site: https://www-odi.nhtsa.dot.gov/downloads/ These datasets are representative of 

defect datasets commonly used by NHTSA analysts and share the following characteristics: 

• An identifier (Bulletin Number or Record ID): A code associated with the defect report, 

which is not necessarily unique. In some cases, technicians will use the same code for 

similar, but non-identical defects. For SmarTxT, we use the Bulletin Number as the 

identifier for technical reports in the TSBS Dataset. For the Recalls Dataset, the Record ID 

is used as the identifier. 

• A set of metadata (NHTSA ID, Bulletin Date, Component Name, Make, Model, Year, Date 

Added): A set of values, generally categorical, that provide an outline of the problem that 

was identified. The NHTSA ID is an ID provided by NHTSA for each new technical report. 

https://www-odi.nhtsa.dot.gov/downloads/
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The Bulletin Data denotes when the original bulletin was drafted. The Component Name 

provides the code and description of the failing component. The Make, Model, and Year 

are used to identify a specific car (e.g., Ford Focus 2012 or Mazda CX-5 2021). The Date 

Added is the date when the bulletin was added into the NHTSA database.  

• A textual description (Technical Summary): A description of the problem or other 

information associated with the defect report (e.g., in some cases there is also a description 

of the proposed fix). 

 

An example defect report from the TSBS dataset is shown below in Figure 1.  

 

Figure 1: Example TSBS Defect Reports. We use the Bulletin Number as the record identifier and apply 

our Natural Language Processing workflow to the Technical Summary.  

As shown above, in Figure 1, the Technical Summary provides the textual description for the TSBS 

dataset. The TSBS dataset downloaded directly from NHTSA, contains almost 3M defect reports 

at the time of writing, with new reports being added daily. However, we find many duplicated 

reports, namely, we find multiple reports where the BULNO (i.e., the identifier) and the Summary 

match exactly. We remove duplicated records but add a column to note the number of duplicates 

to provide analysts with an idea of the frequency of each defect. After removing duplicated records, 

the dataset is reduced to 160k defect reports. The Recalls dataset contains 190k recall reports with 

no duplicates, so no reports are removed from this dataset. Once the duplicated records are 

removed, we then proceed to preprocess the text fields to be appropriate for applying NLP. 

The technical defect reports that we analyze with NLP techniques are often written as a memo for 

the technicians rather than explicit documentation of the issue. This means that the language used 

is technical and the specific issue may not be clearly stated. Our selected class of neural networks, 

called transformers, can link words with the context and link sentences with other sentences, which 

helps to address this kind of language problem. 

3.2 Text Preprocessing for NLP 

NLP is generally applicable for a wide range of text-based datasets; however, it is generally 

recommended to perform a set of preprocessing steps to improve the inference driven from NLP 
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models [31]. Our text preprocessing procedure is completely automated and follows the six steps 

outlined below: 

1. Remove punctuation 

2. Remove numbers 

3. Tokenize the text 

4. Remove stopwords 

5. Lemmatize the text 

6. Remove words less than three characters 

 

For many NLP tasks, the punctuation and numbers contained in the text descriptions do not add 

meaningful information to understanding the text. This is the case for our study, where numbers 

are generally used for additional information and do not directly impact the defect report. One 

exception is the year range, which is often mentioned in the summary. However, the year is 

captured in the metadata of each defect report, so there is no loss of information. Similarly, 

punctuation, such as “.”, “,”, and “-” do not provide meaningful textual information for our study. 

Next, we tokenize the text and remove any stopwords. Stopwords (e.g., a, an, the) are context-

independent words in English that do not impact the context of the text. We use a stopwords list 

provided by NLTK [32], a commonly used package for NLP. Next, we lemmatize the text using 

the WordNet Lemmatizer from NLTK [32]. The WordNet Lemmatizer replaces words with a base 

form of the word only if the base form is a valid dictionary word. For example, the words 

“removes” and “removed” would be lemmatized to “remove”. Similarly, the words “saving” and 

“saved” would be lemmatized to “save”. Lemmatization helps NLP models to learn the importance 

of individual words more quickly. Finally, we remove any words less than three characters, which 

are generally acronyms. 

4. NLP APPROACHES: TOPIC MODELING AND DOCUMENT SIMILARITY 

4.1 Topic Modeling 

The objective of topic modeling is to identify latent semantic patterns in unstructured text that 

uncover previously unknown groupings in the text that might correspond to common vehicle 

issues. In topic modeling documents of unstructured text are clustered semantically based on words 

that appear in documents. The key assumption is that documents containing similar words belong 

to the same topic and describe similar problems. These topics are not known ahead of time and 

thus require unsupervised, probabilistic approaches, such as Latent Dirichlet Allocation (LDA) or 

Probabilistic Latent Sentiment Analysis (PLSA), where documents are modeled as a random 

mixture of topics and topics are characterized as a distribution of words. In these models, a “bag-

of-words” approach is used, where word frequency is retained but the word order is lost. Because 

of this approach, word co-occurrence is strongly influential in determining the latent topics.  

4.1.1 LDA Model 

To identify topics in the NHTSA datasets, we use LDA, a generative probabilistic model, which 

was first introduced by Blei et al. in 2003 [16], where they provide the following definitions: 

• A word (𝑤) is the basic unit of data, which is an item from the vocabulary. 
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• A document (𝑑) is a sequence of 𝑁 words denoted by 𝑑 = (𝑤1, 𝑤2 , … , 𝑤𝑛), where𝑤𝑛 is the 

nth word in the sequence. In our case, a document is a pre-processed summary of a 

technical bulletin or a recall description. 

• A corpus (𝐷) is a collection of 𝑀 documents denoted by 𝐷 = (𝑑1, 𝑑2, … , 𝑑𝑛), where 𝑑𝑛 is 

the nth document in the corpus. In our case, a corpus is a collection of technical bulletins 

or recalls.  

 

Documents are represented as a random mixture over latent topics (𝑍), where each topic (𝑧𝑖) is 

characterized by a distribution over words. LDA assumes a generative process for creating 

documents as presented in [33]: 

1. Choose 𝜃𝑖~ 𝐷𝑖𝑟(𝛼) 

2. Choose 𝜙𝑖~𝐷𝑖𝑟(𝛽) 

3. Choose topic 𝑧𝑖~𝑀𝑢𝑙𝑡𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝜃𝑖) 

4. Choose word 𝑤𝑖~𝑀𝑢𝑙𝑡𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝜙𝑧𝑖
) 

 

Here, 𝛼 and 𝛽 are hyperparameters for the document-topic (𝜃) and topic-word (𝜙) Dirichlet 

distributions, respectively. While these hyperparameters are typically symmetric, they are not 

required to be. LDA, while unsupervised, can be optimized through hyperparameter tuning and a 

model selection criterion, such as AIC or BIC, by comparing the log-likelihood of various models. 

This allows for an informed selection of the number of topics, alpha, and beta.  

4.2 Document Similarity 

4.2.1 Introduction to Document Embedding and Cosine Similarity 

Document similarity is an NLP method that quantifies pairwise semantic measures of all 

documents for a given text field. Semantically similar documents can be queried for a reference 

document by sorting on other documents’ similarity scores. Identifying semantically similar 

documents is particularly useful when locating other records related to a central problem 

summarized in a previous document [34]. In the TSBS dataset, document similarity is utilized to 

link similar detect defects in vehicles to another.  

Semantic similarity is quantified by applying cosine distance to embedded document vectors. 

Embedded vectors represent the optimized conditional probability of a given word occurring in 

relation to all other words in the corpus [13] Capturing the conditional probability of each word 𝑤 

given all context words 𝑐 can be represented by the following softmax function:  

𝑃(𝑤 | 𝑐)  =
𝑒𝑥𝑝((𝑢𝑤)𝑇𝑣𝑐)

∑ 𝑤 ∈ 𝑉𝑜𝑐𝑎𝑏𝑒𝑥𝑝((𝑢𝑤)𝑇𝑣𝑐)
  

• Where the numerator captures the similarity between the input word 𝑢𝑤 and the context 

word vector transposed from the weight matrix 𝑣𝑐  

• The denominator provides a sum of all context words 𝑣𝑐  the dot product of the input word 

𝑢𝑤  to normalize similarity for a given context word in relation to all other words. 
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In place of a simple embedding, we use a document embedding model which adds a paragraph id 

as another input vector. The product outputs from both the word embedding layer and the 

document embedding layer are concatenated together and averaged before applying the softmax 

activation function to produce the document embedded vector [14]. After generating these 

document vectors, we apply a cosine similarity metric to each document vector allowing for each 

document’s semantic value to be quantified.  

 

4.2.2 Bidirectional Encoder Representation from Transformers (BERT) document embeddings  

BERT, a pre-trained document embedding model developed by Google in 2018 [18], was used to 

ensure validity when quantifying semantic values in technical summaries to capture document 

similarity. BERT performs superior to traditional embedding approaches due to BERT’s ability to 

bidirectionally learn contextual relationships among phrases. This means that words that are 

positioned before or after a target word are considered for contextual relevance. This is unique 

from previous approaches, which only use one-directional embedding models to predict the next 

word in a sequence. Furthermore, LSTM models could only predict words immediately before and 

immediately after a given word [35]. In contrast, BERT predicts the contexts of word phrases as 

they relate to each word for a given text string. It does this through a Masked Language Modeling 

(MLM) approach that involves an encoder-decoder structure in which each encoder layer is fed 

into all decoder layers allowing for all input words to be processed simultaneously [18]. As a result, 

different contexts of the same are word are captured which was not possible in prior embedding 

techniques. For instance, the word “gauge” could be distinguished between the noun form in “tire 

pressure gauge” from the verb form “gauge”.  

Even more so, BERT implements a Transformer model architecture. Transformer models apply 

constant steps of “attention” mechanisms that enhance the inference among connections between 

all words in a sentence. These attention mechanisms work by capturing both the hierarchical 

structure of language (parsing) along with context (composition) [18, 36] The BERT model will 

quickly identify, or selectively attend to words in a sentence that are salient to the context of that 

sentence rather than identifying the word’s overall context. More specifically, the attention 

mechanisms allow for local attention for a given word as it focuses on words of relative importance 

[36].  

 

The outcome of the attention compatibility measures reflects aspects of syntax, or function to parse 

language.  Concatenation of attention mechanisms into a multi-head within each layer capture 

context dictated by the individual word’s local attention within each sentence. Coreference links 

are identified, or expressions that are semantically equivalent to phrases in other documents 

independent of syntax structure, through the stacking of multiple attention layers in the BERT 

architecture  [37]. The pre-trained BERT base model was used for developing the initial SmarTxT 

prototype. The base model consists of 12 layers (transformer blocks), 12 attention heads, and 110 

million parameters. The outcome of the iterative encoding-decoding attention mechanisms of the 

BERT model generates a dense vector representation of documents in which coreference links are 
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quantified. BERT’s sophisticated embedding technique was used to generate document 

embeddings for the technical summaries to calculate similarity. 

4.2.3 Fine-tuning BERT   

We fine-tuned the BERT base model with the TSBS dataset to establish more data-specific 

document embeddings for capturing document similarity. Fine-tuning, also called transfer 

learning, is a common procedure in deep learning for large neural networks [38, 39, 40]. The 

motivating idea is to take a well-trained model in a similar domain and then retrain only the top 

layer(s) for a new domain. The model retains the general understanding of the domain, while also 

improving for a new domain through fine-tuning. The fine-tuning of document embeddings 

requires a supervised model architecture for the learned embeddings to be optimized. 

Therefore, pairwise documents are fed into the pre-trained BERT model with associated similarity 

scores for each pair. Reimers and Gurevych [41] demonstrate a fine-tuned sentence embedding 

approach using predefined similarity labels for each document pair. In this use case, similarity 

scores were captured by calculating cosine similarity for each document pair after embeddings 

were generated by the Doc2Vec model. Following this approach, a dictionary consisting of each 

document pair and associated similarity score was the input into the BERT model. The fine-tuning 

occurs through feeding each tokenized sentence into the BERT network followed by a mean-

pooling layer. A pooling layer is a method for down-sampling and is the default for Siamese 

BERT-Networks, like the ones provided by the Python package sentence-transformers [41]. 

Siamese BERT-Networks are one type of fine-tuning scheme for BERT and the one we use. The 

averaged vector (i.e., the output of the mean-pooling layer) represents the pre-trained BERT 

vectors tuned on incoming sentence pairs and their respective similarity scores. Cosine similarity 

is calculated for the averaged vectors then compared against input similarity scores. Model weights 

and document embeddings are updated based on loss between two similarity scores. Tuning the 

pre-training model on the supervised output has been determined to make moderate changes to the 

attention mechanisms in the network. More specifically, fine-tuning BERT has shown to be most 

effective by enhancing domain-specific (in our case, vehicle defects) representations of sentences. 

In contrast, the pre-trained model is well adapted to identify global syntactic patterns found in 

everyday language.   
 

5. SMARTXT APPLICATION 

5.1 General Approach 

The intended user of our application is a vehicle defect investigator at NHTSA or a similar role in 

another organization. A key challenge for current NHTSA vehicle defect investigators is the 

inability to access sensor data from vehicles directly. Instead, to perform defect investigations they 

must rely on technical bulletins and identify patterns and trends in the text data. Our tool, SmarTxT 

provides NHTSA vehicle defect investigators the ability to identify key topics in the technical 

summaries and identify similarities among defects to expedite the in-depth vehicle investigations. 

Our application provides 5 web pages to assist the user in investigating defects in the NHTSA data. 

A summary of each step is given below: 

1. Login: A user logins to the application and the application assigns the correct privileges 

(e.g., datasets that are visible to the specific user) 
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2. Overview of the Dataset: The user selects a dataset to analyze from the currently available 

datasets in the tool. A user can view the selected dataset contents and retrieve summary 

statistics.  

3. Train Models Page: The user filters the dataset by make, model, and year (if needed) and 

trains the topic model on the filtered dataset or chooses to use the pre-trained NLP models 

for topic modeling and document similarity. The user can also see summary statistics for 

the filtered dataset. 

4. Topic Modeling: The user views the results of topic modeling, where each topic along 

with the reports that best fit in each topic are displayed as shown in Figures 3a and 3b.  

5. Document Similarity: The user provides the identifier of a specific document (the Bulletin 

ID in the case of Technical Bulletins) and the tool returns a list of documents (Figure 3) 

that have similar content, ranked in order of similarity 

 

 

Figure 2a: SmarTxT Topic Modeling Results Page. Clicking on “Topic 1” generates  

 

. Figure 2b: SmarTxT Topic Modeling Results Deep Dive Page. 
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Figure 3: SmarTxT Document Similarity Results 

 

5.2 SmarTxT Implementation 

Our application was built using Python, Flask, and Bootstrap. Flask was selected as the web 

framework of choice due to its ease of use with Python and customization features. The web pages 

were developed using Bootstrap to match current industry standards and allow for the reuse of 

code throughout various parts of the application. All other code, including the NLP models, was 

written in Python. All timing data was calculated on a Dell Precision 5540 with an i7-9850H CPU 

and 32GB of RAM. Key aspects of the implementation are provided below in further detail: 

• Multiple dataset compatibility: To increase the effectiveness of the tool, we built the 

functionality to analyze distinct datasets. To achieve this, Python code was written 

functionally, such that specific dataset parameters were passed throughout the app instead 

of hard-coded. For each dataset, a JSON file is created with the appropriate metadata, 

which is then processed once a user selects a dataset to analyze. 

• Topic Modeling: Topic modeling (i.e., LDA) was implemented using scikit-learn in 

Python [42] to provide results to users in real-time. The user selects the number of topics, 

but all other hyperparameters (i.e., alpha, beta, and the learning decay) are set to the default 

values provided by scikit-learn. From the topic modeling implementation in scikit-learn, 

we provide the user information on the topics, as well as the reports that best fit into each 

topic to identify key defect reports more quickly in the dataset. For small datasets, topic 

modeling is computationally fast (i.e., less than 10 seconds). Thus, when users select any 

filters (i.e., make, model, year) in SmarTxT a topic model is trained at runtime based on 

the filters selected. However, with the large size of the NHTSA datasets (e.g., 180k+ 

records) topic modeling was too slow to apply at runtime, when analyzing the entire 

dataset. To avoid the user experiencing this slowdown, we implemented an offline pre-
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training procedure where the topic model for the entire dataset is pre-computed. For this 

model, we perform RandomSearchCV in scikit-learn to identify the optimal topic model 

based on the log-likelihood. We test the following hyperparameters and ranges: number of 

topics (3, 10), alpha (0, 1), beta (0, 0.5), and learning decay (0.5, 0.99). Our procedure 

generates 90 candidate topic models and returns the best model based on log-likelihood. 

Then the topic model is loaded into SmarTxT if a user does not filter the dataset. This 

option is important for analysts who want to investigate defects that may affect multiple 

makes or models. 

• Document Similarity: Document Similarity was implemented using the Sentence 

Transformers package in Python, which provides sentence-level embeddings using BERT 

[41]. A user will provide a reference document and all similar documents are returned to 

the user. We only use the text field (e.g., technical summary for TSBS) to identify similar 

documents. As mentioned previously, cosine similarity was the metric of choice for 

identifying similarity between documents. We return any document that has a cosine 

similarity score greater than a threshold value. To identify the similarity threshold to use, 

we tested multiple possible thresholds (e.g., 0.7, 0.8, and 0.9) for each dataset. Due to the 

lack of a validation set, we are unable to optimize the similarity threshold. Instead, we 

select the similarity threshold based on the average number of similar documents returned 

on average for each dataset. For the TSBS dataset, the selected similarity threshold was 

0.8, while the selected similarity threshold for the Recalls dataset was 0.9. The difference 

in similarity thresholds can be explained by the lack of exact duplicates in the Recalls 

dataset. Instead, there are many similar, but non-identical recalls. This is dissimilar to the 

TSBS dataset, where many documents are exact duplicates, which we remove in our pre-

processing procedure. Similar to topic modeling, performing document similarity at 

runtime is too slow for a user due to the large amount of computation required to calculate 

the BERT embeddings and perform the similarity calculation. To avoid the user 

experiencing this slowdown, we perform a global similarity calculation offline and save 

the result into a lookup table, which is described further in Section 4.3. 

 

SmarTxT is deployed in the AWS cloud using CloudFront, EC2, and Lambda. All cloud operations 

complete in less than 15 seconds, which is the timeout applied for our Lambda functions. We use 

CloudFront to deploy the application with code stored in S3 and EC2. Specifically, we use an 

AWS Linux t2.large EC2 instance. Routes within the app call a Lambda function that invokes the 

function on EC2 and then returns the appropriate data to the webpage. 

 

5.3 Custom Implementation to Improve User Experience 

A common tactic for deploying machine learning models in production is to pretrain models offline 

and then make predictions at runtime. This improves the responsiveness and performance of the 

application, without sacrificing model accuracy.  

Document similarity requires computing the embedding of each Technical Summary and then 

computing the cosine similarity between every combination of Technical Summaries. This process 

is quite slow, so we perform these steps offline. In general, to compute a similarity matrix for a 

vector 𝑣 with 𝑛 entries would create a matrix 𝐴, where 𝐴 is 𝑁𝑥𝑁. For the TSBS dataset, we have 

157k entries, which would lead to a matrix requiring well over 100 GB to store in memory. Instead, 
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we compute the similarity matrix in batches, where batch size 𝑏 < 𝑛. This leads to a smaller matrix 

𝐵, where 𝐵 is 𝑏𝑥𝑁. We select 𝑏 such that 𝐵 will fit in the available RAM. Once 𝐵 is constructed, 

each row 𝑖 denotes the document in the 𝑖th index of the TSBS dataset batch (𝑖 ∈ {1, 2, . . 𝑏}) and 

each column 𝑗 denotes the document in the 𝑗th index of the TSBS dataset (𝑗 ∈ {1, 2, … , 𝑛}). 𝐵𝑖,𝑗 

captures the similarity between document 𝑖 and document 𝑗. For each document 𝑖, we first remove 

any entries with a similarity score less than the threshold. If more than 100 documents have a 

similarity score above the threshold, we keep the 100 most similar documents. The 100-document 

limit is selected as a cutoff to balance 1) the size of the lookup table being generated and 2) to 

avoid overwhelming NHTSA analysts with too much information. As the tool progresses, we plan 

to work with NHTSA to identify the optimal number of similar documents to return for each query. 

This approach provides analysts with a selection of most similar documents, without leading to an 

overwhelming amount of data. After applying this procedure for each document and each batch, 

the indices 𝑗 of the most similar documents are saved to a lookup table. When a user enters a 

reference document, SmarTxT queries the lookup table to provide the user with the most similar 

documents. We find that it takes 64.2 minutes on average to generate the lookup table for the TSBS 

data and 68.76 minutes to generate the lookup table for the Recalls dataset. The discrepancy in 

time can be attributed to the additional records in the Recalls dataset (roughly 30k more). It is 

important to note that if a user applies any of the optional filters (make, model, year) prior to the 

document similarity page, these filters are applied after querying the lookup table. Thus, SmarTxT 

will always display the most similar documents, according to BERT, for any query regardless of 

the filtering options selected by the user. The query is nearly instantaneous and provides the user 

with a significantly faster and more usable experience. This implementation provides the user a 

faster, more responsive experience with our application, which in turn could lead to faster adoption 

due to ease of use. 

6.  RESULT VALIDATION 

As previously mentioned, document similarity is an unsupervised task, which means that we do 

not have a set of labels to validate the results we have obtained. Thus, we use a human expert to 

validate our results. While this limits the amount of validation we can perform, due to the time 

required to manually review each defect report, it provides a repeatable benchmarking approach 

that accounts for the subjectivity of the outcome. We have randomly selected 10 documents and 

for each of these documents, we have identified the top 10 similar documents using our approach. 

Then we have submitted the 100 resulting documents to a domain expert and asked the expert to 

review the results and give a subjective rating of their similarity to the reference document. The 

instructions were as follows:  

1. Read the reference document. 

2. Read each document deemed similar by our approach and for each document: 

• Rate it 0 if in the expert opinion the document does not describe a problem that is 

similar to the one described in the reference document. 

• Rate it 1 if in the expert opinion the document describes a problem that is similar to the 

one described in the reference document. 

At the end of this process, the human expert had reviewed 100 documents and obtained the ratings 

shown in Table 1. From these observations, we see that our approach to document similarity on 
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this specific dataset gives us 83% accuracy. The observations we made are available for review 

upon request. In general, we can say that our document similarity method routinely provided 

relevant documents that would be beneficial for NHTSA or other analysts. 

Table 1: Validation Results for 10 Randomly Selected Documents 

Reference 

Document 

Not Similar Similar 

TSB 18-2352 2 8 

99411 3 7 

12925 1 9 

SSM 46528 1 9 

SSM 49061 3 7 

04L23 2 8 

996105 2 8 

976011 1 9 

TSB 20-2100 0 10 

15-0109 2 8 

Sum >>>>>> 83 

 

7. CONCLUSIONS 

In conclusion, we have shown that natural language processing can be used effectively to extract 

patterns from a dataset documenting vehicle defects. SmarTxT possesses multiple advantages for 

NHTSA analysts and consumers of the NHTSA datasets: it’s intuitive, it has built-in models, and 

provides a way to explore multiple datasets. 

Currently, we are experimenting with more sophisticated approaches to elicit topics by extracting 

features. In the last years, there has been growing interest in topological data analysis as a tool for 

extracting features out of a textual dataset [43]. This is a new development because, normally, 

topological techniques are not used for natural language processing. We have experimented with 

the Mapper algorithm in a different dataset from the one used in this paper and have obtained 

satisfactory results. Additionally, we are developing automated administrative functionality to 

allow users to add datasets to the tool directly. A user would provide a dataset, which would then 

be processed, pretrained with topic modeling and document similarity. Further research will be 

needed to automatically identify the optimal similarity threshold for a new dataset. However, we 

envision this will require a validation set, which we did not have in this study. Automating these 

steps would allow for users to upload any dataset to be used in SmarTxT. Additionally, an 

interesting research avenue is to determine if adding metadata would improve the quality of the 

returned similar documents. For example, using the make, model, and year columns along with 

the text could improve the quality. The key challenge in this approach is identifying the correct 

weighting scheme for each field and handling highly correlated fields (such as the make and model 

which are often discussed in the text. Further research is needed to determine the relationship 

between the structure of the models used and the data analyzed. For example, we used Siamese-

BERT for fine-tuning while other options for finetuning exist in the literature [41]. We plan to 
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explore the effect of model structure, additional hyperparameter tuning, and training BERT from 

scratch using vehicle defect data to develop a high-quality model for NHTSA and other 

organizations to use in the investigation of vehicle defects. Further, these research efforts will 

provide a better understanding of how to extend the use of a similar application to other fields of 

study, such as LEGAL-BERT [23] and BioBERT [22] that have been tuned for the legal and 

medical industries, respectively. 
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